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Abstract

Automatically generating topic names for texts using large language models (LLMs) has be-
come an innovative approach to topic detection. However, evaluating the quality of these LLM-
generated topic names remains challenging, particularly in assessing their semantic relevance to
the texts and the correctness of the information they convey. To address this gap, we propose a
novel evaluation method that leverages LLMs to reconstruct original texts from generated topic
names, then compares the reconstructed texts to the original by measuring their similarity. Topic
names that produce reconstructed texts more similar to original ones better convey the original
text’s information. This method favors topic names that maintain essential information, minimiz-
ing issues like incorrectness and irrelevance. Our experiments show that the reconstruction-based
evaluation aligns with human topic name evaluation. This novel method demonstrates its versa-
tility for evaluating other LLM-generated semantic compressions, such as summaries, headlines,
and keywords.

1. Introduction

Topic detection plays an essential role in organizing and interpreting large volumes of digital content,
enhancing the accessibility and utility of information across various fields. For the last two decades,
the most common method for topic detection has been probabilistic topic modeling. For example, a
typical topic generated by this method might be represented by the top words “machine”, “learning”,
“neural”, “networks”, and “transformers”. As outlined by Boyd-Graber et al. (2017), topic modeling
has been instrumental in applications such as news categorization and general information retrieval.
However, with recent advancements in LLMs, the scope of topic detection has expanded far beyond
traditional uses and methods. Today, LLMs are applied to generate topic names across diverse
formats, including short names for chat conversations (e.g., in ChatGPT or Cohere chats), naming
email threads, labeling podcasts based on discussed topics, naming groups of social media comments,
and automatically naming folders for groups of documents. These applications support improved
content organization and more efficient categorization and retrieval of information. For instance, an
LLM-generated topic name might look like “Deep Learning Innovations: Transformer Advances”.

The emergence of LLMs has enabled significant advancements in automatically generating topic
names, with these models now performing at near-human levels (Kosar et al. 2024). However,
evaluating the quality of these generated topic names remains unexplored. It is difficult to establish
a consistent benchmark labeled by humans for evaluating automatically generated topics, as human-
named topics can vary widely depending on background and subjective interpretation. Also, applying
existing evaluation methods from probabilistic topic modeling to LLMs-generated topic names is
problematic because of the differences in how topics are defined and represented in these approaches.
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In Section 2.1, we discuss in detail why existing evaluation methods are not applicable for evaluating
LLMs-generated topic names.

To address these challenges, this work introduces a novel evaluation method for generated topic
names based on the principle that a meaningful topic name should effectively convey the essen-
tial information in the text. Our method uses LLMs to reconstruct the original text from a gen-
erated topic and then evaluates the similarity between the reconstructed text and the original.
This reconstruction-based method emphasizes information preservation, counteracting cases where
the generated topic may include extraneous or misleading information. Metrics such as ROUGE
(Lin 2004), BERTScore (Zhang et al. 2020), and cosine similarity (Wang and Dong 2020) are used
to quantify the alignment between the original and reconstructed texts, favoring topics that pre-
serve essential information. We demonstrate that this reconstruction-based evaluation is broadly
applicable to other LLM-generated compressions, including summaries, headlines, and keywords,
highlighting its versatility as a method for assessing condensed representations of text.

The primary contributions of this paper are as follows:

1. Introduction of a reconstruction-based method for topic name evaluation. We present a novel
evaluation method that leverages LLMs to reconstruct the original text from generated topics,
focusing on information preservation to enable an automatic assessment of topic quality.

2. Validation against human judgment. We validate our method by comparing it with human
evaluations, establishing its reliability and alignment with human perspectives on topic quality.

3. Applicability to other forms of semantic compression. Our method extends beyond topic
names to evaluate other types of LLM-generated condensed representations, such as summaries,
headlines, and keywords, demonstrating its adaptability and potential for broader applications.

The structure of the paper unfolds as follows: Section 2 provides context for our research by dis-
cussing topic modeling evaluation metrics, recent developments in applying LLMs for topic detection,
and related studies on semantic compression. Section 3 highlights specific studies in linguistics, in-
formation theory, and communication theory that have influenced the proposed method, defines the
problem, formulates the hypotheses, and offers an overview of the proposed method. Section 4 de-
scribes the experimental setup, including data preparation, and the selected evaluation approaches
and procedures for the proposed method. Section 5 presents the findings of the intrinsic evaluation
and validates the proposed method on human preferences. Section 6 outlines the limitations of the
study. Finally, Section 7 summarizes the experimental outcomes and suggests directions for future
research.

2. Related Work

2.1 Topic Modeling Evaluation Metrics

In topic modeling, evaluation metrics such as perplexity (Blei et al. 2003), coherence (Newman
et al. 2010, Mimno et al. 2011), diversity (Dieng et al. 2020), coverage (Korencic et al. 2021), and
significance (AlSumait et al. 2009) capture various aspects of model quality. For a comprehensive
overview of these metrics, see Churchill and Singh (2022) and Hoyle et al. (2021). To further validate
these metrics, researchers have conducted studies incorporating human judgment, often introducing
word intruders into topic keywords or ranking keywords by relevance (Chang et al. 2009, Newman
et al. 2010, Lau et al. 2014, Bhatia et al. 2017, Lund et al. 2019, Hoyle et al. 2021). Recent
research suggests that LLMs can enhance the usage of these metrics for topic model evaluation
by leveraging their pre-trained semantic understanding. For instance, Stammbach et al. (2023)
recommend employing LLMs to evaluate topic coherence, as LLMs’ scores correlate strongly with
human judgment. Moreover, LLM-based evaluation is receiving increased academic attention in
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general, as noted in Li et al. (2024), which provides a comprehensive overview and discusses its
limitations.

However, these metrics are not directly applicable to evaluating LLM-generated topic names, as
they are primarily designed to assess model fit and the internal qualities of the model rather than
the quality of topic names, particularly in terms of how well they capture and convey the main
information about the text. For example, perplexity measures how well a model fits held-out data,
but it does not evaluate the quality of topic names. Coherence evaluates the semantic consistency
among a set of topic keywords based on word co-occurrence in target data, yet it does not measure
whether the resulting topic name is meaningful or related to the text. Similarly, diversity assesses
the variety of topic names by counting unique words among all topics, and coverage assesses how
well a topic model captures a set of predefined concepts, but neither metric addresses how effectively
the name describes the underlying content. Consequently, none of these metrics address how well
the topic name conveys the main information about the text, how accurate that information is, or
how clearly the topic name is presented to the reader.

2.2 LLM Capabilities and Topic Detection

The advent of LLMs has enabled significant advancements in topic detection and topic naming.
Kosar et al. (2024) investigated LLMs’ ability to detect and label topics in news texts, comparing
LLM performance to human-generated topics. Through experiments, they found that LLMs could
generate topic names comparable to those produced by humans, though individual differences in
topic perception and naming persist. Kirilenko and Stepchenkova (2024) compared LLMs and Latent
Dirichlet Allocation (LDA) for analyzing social media reactions, specifically in the tourism domain.
The authors demonstrated that LLMs outperform LDA in handling short, noisy texts, suggesting
LLMs’ effectiveness for topic modeling in similar contexts.

Furthermore, Kapoor et al. (2024) introduced a method that applies LLMs to extract key phrases
from texts, subsequently clustering and subclustering these phrases, and then using LLMs to identify
the main themes for each cluster. Their approach demonstrated enhanced performance on both
coherence and diversity benchmarks. Mu et al. (2024) proposed using LLMs for topic modeling,
overcoming the limitations of traditional methods like LDA. Their approach prompted LLMs to
generate coherent, human-like topic titles without requiring additional training, demonstrating that
LLMs produce relevant and interpretable topics for large text corpora.

2.3 Semantic Compression and Information Preservation

In addition to topic generation, researchers have explored methods for semantic compression to
represent textual information efficiently. Gilbert et al. (2023) proposed using LLMs for semantic
compression by exploring various prompting techniques to guide the models in generating compressed
representations of text that preserve meaning. They also introduced the Semantic Reconstruction
Effectiveness (SRE) metric, which uses cosine similarity between the embeddings of the original and
decompressed text to evaluate the effectiveness of the compression approaches.

Yu and Varshney (2024), drawing on Claude Shannon’s “lattice theory of information”, proposed
applying this framework to represent information hierarchically, with varying levels of abstraction.
This approach facilitates compression by simplifying data while preserving essential meaning at
different semantic levels. The authors introduced a technique called “information lattice learning”
to uncover these hierarchical semantic structures within data and leverage them for compression.
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3. Methodology

3.1 Problem Definition

Evaluating topic names, whether authored by humans or systems, is inherently complex, as it requires
assessing multiple aspects, including relatedness, completeness, clarity, and correctness, along with
other aspects that are discussed in detail in Kosar et al. (2024). With the emergence of LLMs in
topic generation, new challenges such as “model hallucination” (Huang et al. 2024), where models
may generate irrelevant or incorrect information, have become more pronounced. These challenges
highlight the need for evaluation methods that effectively address these aspects in assessing generated
topic names.

We propose that an effective topic name should efficiently communicate the essential informa-
tion (“aboutness”) about the topic of the text. This aligns with Zipf’s principle of least effort
(Zipf 1949), which suggests that communicators naturally aim to convey information as efficiently
as possible, minimizing cognitive load for both speaker and listener. Additionally, Grice’s maxims
of conversation (Grice 1975) emphasize that effective communication balances informativeness with
clarity, relevance, and brevity. Therefore, our evaluation focuses on how much of the text’s infor-
mation is captured by the topic name and how accurately this information can be restored from it
by humans or systems. This assessment accommodates important aspects of topic name evaluation:
relevance, completeness, clarity, and correctness. By ensuring that the topic name enables more
lossless text reconstruction, we ensure that it aligns with the main topic of the text (relevance),
captures essential information (completeness), reduces ambiguity (clarity), and maintains factual
accuracy (correctness).

Thus, we formulate our hypotheses as follows:

1. A topic name’s quality can be quantitatively assessed by the degree of information preserva-
tion it enables, with high-quality topic names preserving more of the source text’s essential
information.

2. Users tend to prefer topic names that retain a higher level of information from the source.

3.2 Proposed Method

The proposed method evaluates topic names, whether generated by LLMs or written by humans, by
examining their ability to preserve and convey essential information about the described topic. This
approach draws from information theory and communication theory, particularly focusing on the
processes of encoding and decoding information as conceptualized in the Shannon-Weaver Model of
Communication (Shannon 1948).

In communication theory, a sender encodes original information into a message, which is then
transmitted to a receiver who decodes it to reconstruct the original information based on their
knowledge and understanding. Analogously, in our method, the original text serves as the primary
information source, while topic names, whether system-generated or human-constructed, act as a
compressed form of the original text’s semantics, functioning as the encoded message. To emulate the
human ability to decode and understand information from a topic name, we utilize LLMs. Given
their proficiency in interpreting and generating text, LLMs are well-suited for reconstructing the
original content from topic names. This process mirrors Bartlett’s Schema Theory (Bartlett 1932),
which posits that individuals interpret and reconstruct information based on mental frameworks or
schemas formed from prior experiences.

This method encompasses both the reconstruction process and the comparison of the original
text with the reconstructed text. We propose using cosine similarity as the primary metric for this
comparison, measuring the semantic similarity between the two texts. A high cosine similarity score
indicates that the topic name effectively preserves and conveys the core information of the original
text. While acknowledging that some information loss is inevitable during compression, especially
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with topics, the comparison between the original and reconstructed texts provides an approximation
of information preservation.

This reconstruction-based evaluation method, as described in Figure 1, allows us to automati-
cally assess the quality of topic names in terms of their information preservation, as well as compare
topic models by evaluating generated topics. Our approach is adaptable to a range of LLM architec-
tures and can be applied across various models, from general-purpose LLMs to fine-tuned versions.
Furthermore, this method is applicable to other forms of text compression, such as summaries, head-
lines, and keywords, providing a versatile method for evaluating various condensed representations
of textual information.

Figure 1: Topic name evaluation framework through text reconstruction.

4. Experiment Setup

4.1 Text Selection

For our study, we utilized 100 articles written in English from The Guardian, published in the first
quarter of 2024. We selected 10 articles randomly from each of the 10 different sections of the
publication, as listed in Appendix A.2.4. The motivation behind this was to utilize recent content,
minimizing the likelihood of overlap with training data used in existing LLMs. This approach allowed
us to evaluate our method on contemporary, diverse texts.

4.2 Topic Generation

For each of the 100 texts, we generated topic names using four models, resulting in a total of 400
topic names. The models used were GPT-4 (OpenAI 2023)1, GPT-3.5 (Ouyang et al. 2022)2, GPT-
3.5 Fine-tuned (GPT3.5FT), and FLAN-T5 Fine-tuned (FLAN-T5FT). The GPT-4 and GPT-3.5
models were provided with examples of both high-quality and low-quality topic names from the
study conducted by Kosar et al. (2024).

1. Model version: gpt-4-1106-preview
2. Model version: gpt-3.5-turbo-0125
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The GPT-3.5FT model3 was fine-tuned using 1,000 topics generated by GPT-4 using the News-
room dataset (Grusky et al. 2018). Similarly, we fine-tuned the FLAN-T5 model (Chung et al. 2022)4

on 20,000 text and topic name pairs from the Newsroom dataset, previously generated by the GPT-
3.5FT. Examples of generated topics are provided in Appendix A.2.4. Our motivation was to ac-
commodate a variety of topic names and to explore whether these smaller, fine-tuned models could
achieve performance comparable to their larger counterparts.

4.3 Other Compressed Texts

In addition to evaluating topic names, our study also explored other forms of semantic compression,
such as headlines, summaries, and keywords. For the headlines, we used the original ones authored
by news article writers. We generated three summaries for each news article, yielding a total of
300 summaries. For this, we employed the following models: GPT-4, GPT-3.5, and a fine-tuned T5
model (T5FT) (Raffel et al. 2020). Keywords, which often serve as concise representations of topics,
were generated using the KeyBERT model (Grootendorst 2020)5. We assessed sets of keywords
in various sizes 5, 7, and 10 to determine how well they captured the main themes and details of
the articles. Table 1 summarizes the token distribution for each type of compression, except for
keywords, which have fixed length. Examples of compressed texts and their reconstructions are
provided for illustrative purposes in Appendix A.2.2 and A.2.3.

Method/Model Tok mean Tok median Tok max Tok min Tok std N records

Summaries GPT4 24.4 24.0 44 17 4.0 100
Summaries GPT3.5 19.4 20.5 39 5 8.6 100
Summaries T5FT 18.4 18.0 30 12 3.1 100
Headlines 13.9 14.0 24 9 3.0 100
Topics GPT4 5.3 5.0 9 3 1.1 100
Topics GPT3.5 5.2 5.0 8 3 1.1 100
Topics GPT3.5FT 5.5 5.0 8 4 1.2 100
Topics FLANT5FT 5.4 5.0 8 3 1.1 100

Table 1: Dataset description for different compression methods and models.

4.4 Text Reconstruction and Similarity Evaluation

For the task of reconstructing the original text from the generated topic names, keywords, headlines,
and summaries, we utilized the following three models: GPT-4, GPT-3.5, and Mixtral-8x7B (Jiang
et al. 2024)6. All models were given the same prompt to reconstruct news text (see Appendix A.2.1).
As a result, we obtained 1,200 reconstructed texts using topic names, 900 using keywords, 300 using
headlines, and 900 using summaries.

To assess information preservation in compressed texts, we measured the similarity between the
original and reconstructed texts using three primary metrics: ROUGE, BERTScore, and cosine sim-
ilarity. These metrics quantified how well the reconstructed text retained the essential information
and meaning of the original text through different aspects: ROUGE for measuring lexical overlap
using n-gram and word sequence comparisons, BERTScore for assessing semantic similarity of con-
textual embeddings of words in context, and cosine similarity for evaluating the overall semantic
similarity using vector representations of the texts. Each of these metrics has its own limitations
(e.g., see Zhang et al. (2024) for ROUGE, Hanna and Bojar (2021) for BERTScore, and Zhou et al.
(2022) for cosine similarity), and they serve as approximate indicators of similarity.

3. Base model version: gpt-3.5-turbo-1106
4. Base model version: https://huggingface.co/google/flan-t5-base (Accessed January 27, 2024)
5. We used KeyBERT in its default configuration: https://github.com/MaartenGr/KeyBERT (Accessed February

13, 2024)
6. The model was accessed via the https://www.together.ai/ API (Accessed February 15, 2024)
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We employed the BAAI General Embedding (BGE) model (Xiao et al. 2024)7 to generate text
embeddings for both the original and reconstructed texts, which were then used to calculate cosine
similarity.

4.5 Intrinsic Evaluation

Our intrinsic evaluation of the proposed method focused on the following aspects: preservation
of information across different compression methods, the impact of various models on information
preservation in summaries and topics, the effectiveness of reconstruction models, the utility of ex-
isting text similarity metrics, and the consistency of results across these different dimensions.

1. Compression Methods: We analyzed how well different text compression methods, namely
headlines, summaries, and keywords, preserve and convey essential information from the orig-
inal texts. By comparing reconstructed texts with the original articles, we assessed the effec-
tiveness of each method in maintaining and conveying the main information about the text.

2. Compression Models: We evaluated the effect of various models (4.2, 4.3) on the preser-
vation of information in summaries and topics. This analysis aimed to assess whether the
models had a consistent impact across different methods (summaries and topics) and within
each method.

3. Reconstruction Models: We assessed the impact of reconstruction models on informa-
tion preservation (4.4) across various compression methods. This analysis aimed to examine
whether reconstructing texts using different LLM models changes the effect of compression
methods and models on the preservation of information in compressed texts (e.g., topics, sum-
maries, etc.).

4. Text Similarity Metrics: We evaluated the utility of various similarity metrics (4.4), as-
sessing how suitable they are for measuring the differences between original and reconstructed
text and how well they fit the purpose.

This comprehensive assessment aimed to thoroughly examine the proposed evaluation method,
its capabilities and limitations, and to assess the effect of various models on preserving information
across different forms of text compression.

4.6 Validation on Human Preference Data

We also validated our method against human judgment drawn from existing studies. We used
existing human preference studies because it was infeasible to conduct a new human preference
study within the scope of this paper for our dataset of 1200 topic names and 900 summaries. To
validate the proposed method, we followed these steps: reconstructing texts from existing compressed
texts (topics and summaries), measuring similarity between the original and reconstructed texts, and
conducting a correlation analysis between text similarity and human judgment, using Spearman’s
rank correlation. We applied the Qwen2 model (Yang et al. 2024)8 to reconstruct texts from topics
and summaries. Since we used an OpenAI dataset (summaries), we chose to employ a non-OpenAI
model for data reconstruction to avoid cases where possible data contamination could lead to biased
results. To generate text embeddings for both the original and reconstructed texts, we employed
the BGE model.

For topics, we referenced the human evaluation study conducted by Kosar et al. (2024). In their
research, four judges evaluated 96 topics, encompassing both human-written and LLM-generated
ones. The human evaluation score for each topic was calculated by averaging judges’ scores on a
scale from 1 to 3, with higher scores indicating better quality. We reconstructed texts from the

7. Model version: BAAI/bge-base-en-v1.5 – https://huggingface.co/BAAI/bge-base-en-v1.5 (Accessed June 12,
2024)

8. Model version: Qwen2-72B-Instruct, accessed via the https://www.together.ai/ API (Accessed June 12, 2024)
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topics used in the study and then measured the similarity between the reconstructed texts and the
original news texts for which topic names were assigned. By measuring the correlation between the
text similarity scores and the human evaluation scores, we aimed to determine how well they align.

For summaries, we leveraged the OpenAI human preferences research on improving summary
quality by training models to optimize for human preferences, as detailed by Stiennon et al. (2022).
The original study generated summaries using GPT-3 models with 1.3 and 6.7 billion parameters,
trained with different reward policies, and evaluated these summaries based on human preferences
across four dimensions: coverage, accuracy, coherence, and overall quality, using a 7-point Likert
scale. In this context, as defined by the authors, “coverage” refers to the extent to which the summary
captures the key information from the text, “accuracy” to the degree to which the statements in the
summary are stated in the text, “coherence” to how easy the summary is to read, and “overall” to
how good the summary is overall at representing the text. In our study, we used summaries from
the test split for articles from the Daily Mail and CNN with more than 30 characters, resulting in
5,552 summaries for 639 news texts. After reconstructing texts from summaries, we conducted a
correlation analysis between the text similarity score and each of the four dimensions used in human
evaluation.

5. Results

5.1 Intrinsic Evaluation

Compression Methods
Our analysis of different compression methods with regard to information preservation showed

that there was a clear difference between the compression methods. The highest values in text sim-
ilarity scores were consistently obtained by summaries, followed by headlines, topics, and keywords,
according to all metrics: ROUGE-1 (F1), BERTScore (F1), and cosine similarity. This pattern was
observed for the entire dataset (Figure 2) and also when analyzed by reconstruction models.

Figure 2: Side-by-side box plots of text similarity scores for four compression methods: 1200 topics,
900 keywords, 300 headlines, and 900 summaries. The text similarity metrics are: cosine
similarity, BERTScore F1, and ROUGE-1 F1.

We observed that compression methods resulting in longer texts generally yield better reconstruc-
tion of the original text due to the preservation of more information, except in the case of keywords.
In the case of keywords, we found that this method preserves less information than topics, even
when using the same number or more tokens. We hypothesize that this is due to the method’s
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inherent limitations – the absence of syntax – which creates ambiguity in how relationships between
keywords can be interpreted, thus diluting the semantics of the compression.

Reconstruction Models

The analysis of the impact of the compression methods on text similarity metrics, when conducted
separately for each reconstruction model, showed a consistent downtrend in metric scores starting
from summaries, followed by headlines, topics and keywords (Figure 3, and Appendix A.1, Figures
8 and 9). All compression methods were distinguishable, except for summaries and headlines for
cosine similarity and BERTscore (F1) in Mixtral-8x7B, and for ROUGE-1 (F1) in GPT3.5 and
Mixtral-8x7B models.

Figure 3: Side-by-side box plots of the cosine similarity in four compression methods, split by three
reconstruction models. Each compression method group contains 100 records, with each
record representing the median metric score for compression models within that method.
Statistically significant mean differences between method pairs are denoted by asterisks.
Method: two-way repeated measures ANOVA, followed by pairwise paired t-test compar-
isons with Benjamini–Hochberg correction.

Our analysis of the impact of the reconstruction model on the quality of text reconstruction
concerning the compression models within the compression method revealed that the differences
between compression models remain, no matter which reconstruction models were used (Appendix
A.1, Tables 3 and 4). Based on these observations, we conclude that while the quality of the recon-
struction model can affect the quality of the reconstruction based on its knowledge of the subject
and proficiency in the task, we would expect better performance if more information is preserved by
the compression method in the compressed text.

Text Similarity Metrics

Text similarity metrics such as ROUGE-1, BERTScore, and cosine similarity effectively differ-
entiated compression methods, indicating that these metrics can quantify how much information is
preserved when comparing original and reconstructed texts (Figure 3, Appendix A.1, Figures 8 and
9). However, their ability to distinguish between summaries and headlines is not always consistent,
as in the case of texts reconstructed by the Mixtral-8x7B model.

For summaries, each metric demonstrated its capability to effectively differentiate between the
compression models, showing that ROUGE-1, BERTScore, and cosine similarity can be used for
evaluating summaries and, potentially, the models that generate those summaries. For topics, co-
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sine similarity excelled at distinguishing among the different topic models, unlike ROUGE-1 and
BERTScore, which did not show statistically significant differentiation. This might indicate that
cosine similarity is better suited for capturing the semantic differences in topic-based text recon-
structions than more token-based similarity comparisons provided by ROUGE-1 and BERTScore.
In the case of keywords, we observed that all metrics differentiate between texts reconstructed from
various keyword lengths (5, 7, and 10 words, respectively) and showed an uptrend in performance
with the increasing number of keywords (Appendix A.1, Figure 10).

These observations indicate that the mentioned text similarity metrics can be applied to quantify
information preservation when comparing original and reconstructed text while accounting for vari-
ations introduced by different compression methods and models. Moreover, they underscore that
cosine similarity is suitable for topic evaluations due to its ability to capture semantic differences
between texts that may have similar word distributions.

Compression Models

The evaluation of models generating summaries revealed that GPT-4 outperforms GPT-3.5 across
all metrics, aligning with the general performance improvements of GPT-4 compared to GPT-3.5.
GPT-4 also surpasses the T5FT model in BERTScore (F1) and ROUGE-1 (F1) while showing no
significant difference in cosine similarity. Additionally, we observe that the T5FT model outper-
forms GPT-3.5 in cosine similarity and BERTScore (F1), with no significant difference in ROUGE-1
(F1). Figure 4 illustrates these performance differences. Overall, our findings are consistent with
other studies on GPT-4’s performance and highlight the enhanced capabilities of fine-tuned models
compared to general LLMs.

Figure 4: Side-by-side boxplots of the text similarity metrics (cosine similarity, BERTScore F1, and
ROUGE-1 F1) for summaries generated by three compression models (GPT-3.5, GPT-4,
and T5FT). Each compression model group contains 300 records. Statistically signifi-
cant mean differences between model pairs are denoted by asterisks. Method: two-way
repeated measures ANOVA, followed by pairwise paired t-test comparisons with Ben-
jamini–Hochberg correction.

The evaluation of models used to generate topic names shows that fine-tuned models on specific
tasks outperform general models, as illustrated in Figure 5. This is particularly evident in the per-
formance of GPT-3.5FT and FLAN-T5FT compared to their more general counterparts. Statistical
analysis indicates that the mean cosine similarity score of FLAN-T5FT is significantly higher than
those of GPT-3.5 and GPT-4. Similarly, the mean cosine similarity of GPT-3.5FT is significantly
higher compared to that of GPT-3.5, suggesting that fine-tuning enhances a model’s ability to gen-
erate topic names that retain more information. Comparisons among other models also reveal that
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GPT-4’s mean metric is statistically higher than GPT-3.5’s. Examples of topics and corresponding
scores are provided in Appendix A.2.4.

Overall, while GPT-3.5FT and FLAN-T5FT tend to achieve higher cosine similarity scores on
average, there is considerable variability within and between models. The differences in performance
demonstrate that FLAN-T5FT and GPT-3.5FT generally outperform other models in preserving
information. For the other metrics, there were no statistically significant differences in the mean
scores across the models used.

Figure 5: Side-by-side boxplots of three metric scores (cosine similarity, BERTScore F1, and
ROUGE-1 F1) for topics generated by different compression models (GPT-3.5, GPT-
4, GPT-3.5FT, and FLAN-T5FT). Each compression model group contains 300 records.
Statistically significant mean differences between model pairs are denoted by asterisks.
Method: two-way repeated measures ANOVA, followed by pairwise paired t-tests with
Benjamini–Hochberg correction.

5.2 Evaluation on Human Preference Data

Topics
We found statistically significant positive monotonic associations between the human evaluation

scores and similarity scores between original and reconstructed texts (Figure 6). The Spearman’s
correlation coefficient between the human evaluation score and cosine similarity was 0.375 with a
p-value of less than 0.001. For other metrics, we observed a correlation coefficient of 0.329 for
ROUGE-1 (F1) and 0.276 for BERTScore (F1), both with a p-value of less than 0.001. The positive
monotonic relationship suggests that human evaluation and similarity scores consistently increase
together, but not necessarily at a constant rate.
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Figure 6: Relationship between human evaluation of topics and their corresponding text similarity
scores (cosine similarity, BERTScore F1, and ROUGE-1 F1), computed between original
and reconstructed texts. The dataset contains 96 records.

Summaries
Our analysis revealed statistically significant positive monotonic relationships between the text

similarity scores for the original and reconstructed texts and four dimensions of human evaluation
(Figure 7). As shown in Table 2, the strongest correlations are observed between the reconstruction
metrics and the overall quality and coverage dimensions. This pattern is consistent across all three
metrics: cosine similarity, BERTScore (F1), and ROUGE-1 (F1). The Spearman’s correlation co-
efficient between the overall quality and the cosine similarity was 0.311 with a p-value of less than
0.0001, while the correlation between coverage and cosine similarity was 0.303. Table 2 presents the
Spearman’s correlation coefficients between various human evaluation dimensions and text similarity
scores between pairs of original and reconstructed texts. Notably, we observe weaker correlations
with accuracy and coherence, suggesting that the proposed evaluation method may not fully capture
these aspects.

Figure 7: Relationship between human evaluation of summaries (overall quality) and similarity
scores (cosine similarity, BERTScore F1, and ROUGE-1 F1), computed between origi-
nal and reconstructed texts. The dataset contains 5,552 records.

These findings indicate that the proposed evaluation method, particularly when using cosine
similarity, aligns with human judgments in evaluating topic names. It also aligns with human
judgments regarding the overall quality of summaries and coverage. Here, “coverage” closely mirrors
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ROUGE-1 F1 BERTScore F1 Cosine Similarity
Overall 0.326297 0.376997 0.311033
Accuracy 0.196744 0.240014 0.149541
Coverage 0.325172 0.368874 0.302683
Coherence 0.110193 0.147968 0.148868

Table 2: Spearman’s correlation coefficients between human evaluation dimensions of summaries
and similarity scores between original and reconstructed texts.

the concept of “completeness” we considered as a quality metric for topic names, emphasizing the
preservation of key information. This alignment validates the potential of our approach for the
automated evaluation of various text compression methods in terms of information preservation.
It also highlights areas where further refinement may be needed to better capture aspects such as
coherence and accuracy, as indicated by the lower correlation observed in the case of summaries. In
this context, “coherence” corresponds to “clarity”, while “accuracy” corresponds to “correctness”
in topic names quality.

6. Limitations

Our approach has some limitations. It is computationally intensive, since it requires the generation
of reconstructed texts using LLMs in order to compare them with the original texts. Moreover,
LLMs inherently incorporate stochasticity while generating their outputs, meaning that identical
prompts may yield slight variations in generated texts across multiple runs. This randomness can
introduce variability in reconstructed texts, complicating evaluations that would require several runs
or a larger amount of data to obtain reliable results. Additionally, if the same model is used for both
compression and reconstruction, the process may benefit from a form of self-bias, potentially leading
to artificially better reconstructions. Furthermore, the applied similarity metric (cosine similarity)
has inherent limitations, potentially leading to error accumulation.

Despite using recent data to mitigate possible overlap of the testing data with texts that could
have been used for LLM training, it is possible that certain selected text categories may align
with topics or specific terms that LLMs have encountered before, leading to potential bias. This
factor could also impact the generalizability of the approach, particularly in niche domains where
familiarity with specific terminology may require domain-adapted LLMs. Additionally, our method
focuses on evaluating topic names for individual texts rather than for groups of related texts, such
as in traditional topic modeling. Adapting this method for such scenarios would require additional
research.

Furthermore, while our evaluation method focuses on measuring information preservation, it
does not assess the cognitive load associated with understanding the generated topic names. Ac-
cording to Zipf’s principle of least effort, it is essential to evaluate cognitive demands, as even highly
informative topics may impose a higher cognitive load, potentially impacting usability and inter-
pretability. Lastly, the human evaluation of topics used in the study relies on judgments from a
small group of four experts without evaluating specific topic qualities, limiting the generalizability
of these findings. By contrast, the human judgment dataset for summaries includes a broader pool
of evaluators, providing a more representative assessment. This factor may affect the robustness of
our conclusions regarding the alignment with information preservation.

55



7. Conclusion and Future Work

This study presents a novel method for automatically evaluating human-written and generated topic
names, focusing on information preservation. Our method leverages LLMs to reconstruct the original
text from topic names and assesses semantic alignment through text similarity metrics like cosine
similarity, BERTScore, and ROUGE. Results of the study indicate that this reconstruction-based
evaluation method offers a holistic assessment of topic names that inherently covers such topic name
qualities as relevance, completeness, clarity, and correctness and also aligns with human judgment.
Additionally, the method is adaptable to various forms of semantic compression, such as summaries,
headlines, and keywords, suggesting its potential for broader applications in evaluating compressed
representations.

Future research will focus on obtaining more human preference data and explicitly evaluating
how the proposed method addresses specific topic qualities (relevance, completeness, clarity, and
correctness). Additionally, it will extend this method to groups of texts, where a single topic name
represents a collection of related texts. Furthermore, incorporating cognitive load assessments will be
a critical step in evaluating the balance between information preservation and ease of understanding.
By measuring the cognitive demands required to interpret topic names, future research can optimize
topic name quality to maximize informativeness without overburdening users. Finally, studies in-
volving larger and more diverse groups of human evaluators are needed to deepen our understanding
of human preferences in topic quality, and they may also reveal variations in expectations based on
both the utility of the topics and distinct user personas.
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Appendix A. Evaluating Topic Names via Text Reconstruction

A.1 Compression and Reconstruction Analysis

Figure 8: Side-by-side box plots of BERTScore F1 in four compression methods, split by three re-
construction models. Each compression method group contains 100 records, with each
record representing the median metric score for compression models within that method.
Statistically significant mean differences between methods pairs are denoted by asterisks.
Method: two-way repeated measures ANOVA, followed by pairwise paired t-test compar-
isons with Benjamini–Hochberg correction.

Figure 9: Side-by-side box plots of ROUGE-1 F1 in four compression methods, split by three re-
construction models. Each compression method group contains 100 records, with each
record representing the median metric score for compression models within that method.
Statistically significant mean differences between methods pairs are denoted by asterisks.
Method: two-way repeated measures ANOVA, followed by pairwise paired t-test compar-
isons with Benjamini–Hochberg correction.
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Figure 10: Side-by-side box plots compare the distributions of three metrics (cosine similarity,
BERTScore F1, and ROUGE-1 F1) across different numbers of keywords (5, 7, 10 key-
words, respectively) in the KeyBERT model. For each metric, the mean differences
between all groups are statistically significant. Method: two-way repeated measures
ANOVA, followed by pairwise paired t-tests with Benjamini–Hochberg correction.

GPT3.5 GPT4 Mixtral-8x7B
Compression model mean sd mean sd mean sd

GPT3.5 0.738 0.079 0.759 0.073 0.758 0.068
GPT4 0.753 0.067 0.767 0.065 0.768 0.065
GPT3.5FT 0.758 0.073 0.772 0.063 0.771 0.060
FlanT5FT 0.766 0.068 0.780 0.066 0.774 0.066

Table 3: Cosine similarity results for topics: compression models in rows and reconstruction models
in columns.

A.2 Prompt, Compression, and Reconstruction Examples

A.2.1 Prompt Example

System Message

You are assigned the role of a human expert tasked with reconstructing news text from
provided information. Each task will supply you with one of the following: keywords, a topic,
a headline, or a summary. Your objective is to analyze these elements and create a news
article that closely represents the original content in its entirety within a maximum of 1000
words.

User Message

Here is the given information from which to reconstruct:

{INPUT_TEXT}

A.2.2 Examples of Semantic Compression

Original text:
The first Black president of Harvard, who resigned on Tuesday after a successful rightwing

campaign to oust her, warned that the tactics used against her were “merely a single skirmish in a
broader war to unravel public faith in pillars of American society”. “Trusted institutions of all types
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GPT3.5 GPT4 Mixtral-8x7B
Compression model mean sd mean sd mean sd

GPT3.5 0.789 0.064 0.802 0.059 0.794 0.064
GPT4 0.817 0.059 0.824 0.052 0.807 0.059
FlanT5FT 0.808 0.056 0.816 0.056 0.809 0.063

Table 4: Cosine similarity results for summaries: compression models in rows and reconstruction
models in columns.

– from public health agencies to news organizations – will continue to fall victim to coordinated
attempts to undermine their legitimacy and ruin their leaders’ credibility,” Claudine Gay wrote in
the New York Times on Wednesday, a day after she announced she was resigning from her position
and returning to her role as a faculty member. Gay, a political scientist who was appointed six
months ago as the first Black woman to serve as president of Harvard, had the shortest tenure in
the university’s 388-year history. In her first major comment since her official Harvard statement
announcing her resignation, Gay admitted bluntly that “I made mistakes”. But she also argued
that her invitation to testify to Congress about antisemitism on elite college campuses had been
“a well-laid trap” and that “the campaign against me was about more than one university and
one leader”. The playbook that had successfully been used against her would soon be mobilized
against other institutional leaders, Gay warned. “For the opportunists driving cynicism about our
institutions, no single victory or toppled leader exhausts their zeal,” she said. For the past month,
the campaign against Gay, which included prominent Harvard donors, had centered on allegations of
antisemitism and plagiarism in her academic work, focusing on her widely criticised comments during
a December congressional hearing on antisemitism on college campuses, and on multiple passages
in her academic work that closely resembled the work of other scholars, without the appropriate
citations. Gay once again said she regretted not speaking forcefully enough against antisemitism
on campus in congressional remarks that had sparked bipartisan backlash, writing: “I should have
stated more forcefully what all people of good conscience know: Hamas is a terrorist organization
that seeks to eradicate the Jewish state” and that she had “neglected to clearly articulate that calls
for the genocide of Jewish people are abhorrent and unacceptable and that I would use every tool
at my disposal to protect students from that kind of hate”. [...]

Original headline:

Ousted Harvard president Claudine Gay warns of ‘a broader war’ in op-ed.

Summaries:

- GPT4: Claudine Gay resigns as Harvard’s president amid rightwing campaign, citing broader
war against public trust in institutions and facing allegations of antisemitism and plagiarism.

- GPT3.5: Harvard’s first Black president resigns amid rightwing campaign, warns of broader
attacks on institutions and leaders.

- T5FT: Claudine Gay warns of coordinated attempts to undermine legitimacy and ruin credi-
bility of trusted institutions.

Topics9:

- GPT4: Harvard President Claudine Gay’s Resignation (0.201, 0.820, 0.794)

- GPT3.5: Harvard’s First Black President Resignation (0.215, 0.819, 0.754)

- GPT3.5FT: Harvard President’s Resignation and Racism (0.196, 0.821, 0.741)

- FLANT5FT: Claudine Gay’s Harvard Resignation (0.189, 0.815, 0.751)

9. The three scores represent ROUGE-1 F1, BERTscore F1, and cosine similarity between the original and recon-
structed text. Reconstruction performed by GPT-4.
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Keywords:
- KeyBERT5: harvard, tenure, resigned, academics, academic
- KeyBERT7: harvard, tenure, resigned, academics, academic, resigning, president
- KeyBERT10: harvard, tenure, resigned, academics, academic, resigning, president, allega-

tions, faculty, bipartisan

A.2.3 Examples of Semantic Reconstruction

Original headline:
Ousted Harvard president Claudine Gay warns of ‘a broader war’ in op-ed.
Reconstructed text (GPT4):
In a compelling op-ed, Claudine Gay, the recently ousted president of Harvard University, has

issued a stark warning about what she perceives as a ‘broader war’ affecting higher education and
society at large. Gay, who had served in her role at one of the world’s most prestigious universities,
did not specify the exact nature of this war in her commentary. However, her words suggest a deep
concern for the current state and future direction of academia and its role in the broader societal
context.

Gay’s tenure at Harvard was marked by her efforts to expand access to education, promote
diversity and inclusion, and foster a culture of innovation and excellence. Despite these efforts, her
presidency came to an abrupt end, a decision that has sparked considerable debate and speculation
within academic circles and beyond. The reasons behind her ousting have not been made public,
leading to further speculation about the challenges facing leaders in higher education. [...]

Summary (GPT4):
Claudine Gay resigns as Harvard’s president amid rightwing campaign, citing broader war against

public trust in institutions and facing allegations of antisemitism and plagiarism.
Reconstructed text (GPT3.5):
Claudine Gay, the president of Harvard University, has announced her resignation amidst a

right-wing campaign targeting her. In her statement, Gay cited a broader war against public trust
in institutions as one of the reasons for her decision to step down. The resignation comes as Gay
faced allegations of antisemitism and plagiarism, further complicating her tenure at the prestigious
university. Gay, who became the first Black president of Harvard in 2021, has been a target of
criticism from conservative groups and media outlets. The allegations of antisemitism and plagiarism
have added fuel to the fire, leading to increased pressure on Gay to resign. Despite the challenges
she faced during her time as president, Gay expressed gratitude for the opportunity to lead Harvard
and emphasized the importance of upholding trust in institutions. [...]

Topic (FLANT5FT):
Claudine Gay’s Harvard Resignation.
Reconstructed text (Mixtral-8x7B):
Claudine Gay, the first woman of color to lead Harvard College, has announced her resignation

from the prestigious institution. Gayś departure comes after four years of service as the Dean of
Harvard College, during which she made significant contributions to the universityś academic and
social life.

Gay, who is also a professor of Government and African and African American Studies, was
appointed as the Dean of Harvard College in 2018. She succeeded Rakesh Khurana, who is now
the Dean of Harvard Business School. During her tenure, Gay focused on enhancing the student
experience, promoting diversity and inclusion, and strengthening the collegeś academic programs.
[...]

Keywords (KeyBERT 7):
harvard, tenure, resigned, academics, academic, resigning, president
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Reconstructed text (GPT3.5):
Harvard University’s president has resigned after a tenure marked by significant academic achieve-

ments and controversies. The decision to step down was announced by the prestigious institution,
citing personal reasons for the departure. The outgoing president, known for his dedication to aca-
demic excellence, expressed gratitude for the opportunity to lead the university. During his tenure,
Harvard saw advancements in various academic fields and research initiatives, solidifying its position
as a top academic institution globally. The resignation has sparked discussions among academics
and the broader community about the future leadership of the university and the impact of the
president’s departure on ongoing projects and initiatives. Harvard’s search for a new president is
expected to attract top academic talent from around the world, as the institution seeks to maintain
its reputation for excellence in education and research.

A.2.4 Examples of Generated Topics with Evaluation Scores

Text
ID

Topic
Source

Text ROUGE BERTScore Cosine

Sport

3 FLANT5FT NFL Playoff Wins and Investments 0.1398 0.8026 0.6615

3 GPT3.5 Sports Predictions for 2024 0.1850 0.8111 0.6420

3 GPT4 Sports Predictions and Developments 0.1326 0.8058 0.5954

3 GPT3.5FT 2024 Sports Predictions and Developments 0.1438 0.8034 0.5913

9 FLANT5FT Wimbledon Park Expansion Battle 0.2678 0.8393 0.8355

9 GPT3.5 Wimbledon Park expansion dispute 0.2556 0.8359 0.8305

9 GPT4 Wimbledon Expansion Controversy 0.2140 0.8311 0.8230

9 GPT3.5FT Wimbledon Park Expansion Controversy 0.2336 0.8309 0.7825

Culture

17 FLANT5FT Dave Chappelle’s ’The Dreamer’ Special 0.1370 0.8173 0.8258

17 GPT4 Criticizing Chappelle’s Transphobic Comedy 0.1454 0.8075 0.7295

17 GPT3.5FT Critique of Chappelle’s Comedy Special 0.1354 0.8067 0.7179

17 GPT3.5 Controversial Comedy Specials Criticism 0.1269 0.8017 0.6343

19 GPT3.5 Tasmania’s political sculpture discovery 0.1699 0.8212 0.7857

19 FLANT5FT Tasmania’s Historic Political Statue Discovery 0.1565 0.8194 0.7852

19 GPT4 Tasmania’s satirical protest statue discovery 0.1402 0.8073 0.7439

19 GPT3.5FT Tasmanian Political Protest Sculpture 0.1632 0.8083 0.7182

Environment

26 GPT3.5 Polynesian Canoe Hōkūle‘a Cultural Renaissance 0.1982 0.8401 0.8371

26 GPT3.5FT Hōkūle‘a’s Traditional Navigation Revival 0.1972 0.8448 0.8351

26 GPT4 Hōkūle‘a’s Traditional Navigation Voyage 0.2107 0.8374 0.8324

26 FLANT5FT Hawaiian Sailing Canoe Celebration 0.1715 0.8134 0.7466

29 FLANT5FT Azerbaijan’s Cop29 Climate Summit Committee 0.1802 0.8270 0.8183

29 GPT4 Cop29 Committee Gender Imbalance 0.2017 0.8263 0.7645

29 GPT3.5 Gender Disparity in COP29 Summit 0.1988 0.8231 0.7467

29 GPT3.5FT Gender Imbalance in Cop29 Summit 0.1929 0.8223 0.7420

Food

38 GPT4 Food Mill Appreciation and Recipe 0.2590 0.8205 0.7907

38 GPT3.5FT Food Mill’s Culinary Uses 0.2212 0.8354 0.7731

38 GPT3.5 Versatility of Food Mill in Cooking 0.1935 0.8284 0.7489

38 FLANT5FT Victor Simon’s Food Mill Patent 0.1409 0.8183 0.7100

40 GPT3.5 Wine value and recommendations 0.2293 0.8174 0.8104

40 GPT3.5FT Navigating Wine Value and Quality 0.1982 0.8155 0.8020

40 FLANT5FT Wine Price and Quality Speculation 0.1800 0.8176 0.7872

40 GPT4 Wine Value and Pricing 0.1937 0.8216 0.7761

Table 5: Examples of randomly selected generated topics from 100 texts across 10 news sections,
along with corresponding text similarity scores (ROUGE-1 F1, BERTScore F1, cosine
similarity) between the original and reconstructed texts. Text reconstruction is performed
by GPT-4 model. Texts are sorted by cosine similarity (Part 1 of 2).
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Text
ID

Topic
Source

Text ROUGE BERTScore Cosine

Business

43 GPT3.5FT Morrisons’ Customer-Centric Turnaround Strategy 0.1911 0.8263 0.7781

43 FLANT5FT Morrisons’ Restructuring Strategy 0.1802 0.8200 0.7615

43 GPT4 Morrisons’ Revitalization Strategy 0.1892 0.8283 0.7575

43 GPT3.5 Morrisons supermarket revitalization strategy 0.1707 0.8221 0.7557

44 FLANT5FT Thames Water’s Service Commitment Plan 0.1894 0.8260 0.7939

44 GPT4 Thames Water’s Regulatory Update 0.1856 0.8259 0.7783

44 GPT3.5FT Thames Water’s Regulatory Order 0.2004 0.8304 0.7736

44 GPT3.5 Thames Water service improvement 0.2105 0.8273 0.7454

World news

57 GPT3.5FT West Bank Militant Tunnels 0.1853 0.8259 0.7489

57 FLANT5FT West Bank Refugee Camp Tunnels 0.1802 0.8225 0.7483

57 GPT3.5 West Bank IDF raids escalation 0.1688 0.8262 0.7252

57 GPT4 West Bank violence and Israeli raids 0.1669 0.8206 0.7224

59 GPT3.5 Israeli incitement to genocide 0.1787 0.8106 0.7735

59 FLANT5FT Israelis Demand Legal Action on Gaza Incitement 0.1887 0.8172 0.7659

59 GPT3.5FT Israeli Incitement to Genocide Accusations 0.1592 0.8103 0.7580

59 GPT4 Israeli Incitement to Genocide Concerns 0.1777 0.8133 0.7306

Politics

65 FLANT5FT Kemi Badenoch’s Tory Plotting 0.1580 0.8251 0.7570

65 GPT4 Badenoch’s potential Tory leadership plot 0.1575 0.8246 0.7539

65 GPT3.5FT Kemi Badenoch’s Alleged Leadership Ambitions 0.1684 0.8174 0.7477

65 GPT3.5 Conservative Party Leadership Dynamics 0.1530 0.8013 0.5610

68 GPT3.5FT UK Political Missteps and Scandals 0.1335 0.8028 0.6992

68 GPT4 UK Politicians’ Detachment Critique 0.1484 0.8007 0.6551

68 GPT3.5 Politicians’ Conduct Critique 0.1259 0.7991 0.6166

68 FLANT5FT Political Inquiry on Covid Inquiry 0.1000 0.7977 0.5560

Music

77 GPT3.5 Black Grape music interview 0.1458 0.8130 0.7130

77 GPT3.5FT Black Grape’s Album and Reunion 0.1450 0.8156 0.6836

77 GPT4 Black Grape’s New Album Release 0.1156 0.8108 0.6695

77 FLANT5FT Black Grape’s New Album and Death 0.1562 0.8128 0.6685

80 GPT4 Singer-songwriter Melanie’s death 0.2491 0.8281 0.8844

80 FLANT5FT Melanie Safka’s Death and Legacy 0.2373 0.8299 0.8744

80 GPT3.5 Melanie Safka’s Death 0.2203 0.8244 0.8651

80 GPT3.5FT Singer Melanie Safka’s Death 0.2180 0.8247 0.8468

Society

82 GPT4 London Mould Crisis in Social Housing 0.1869 0.8231 0.8280

82 GPT3.5 Mould in UK social housing 0.1791 0.8224 0.8174

82 FLANT5FT UK Mold Concerns 0.1966 0.8197 0.8142

82 GPT3.5FT Social Housing Mould Crisis 0.1740 0.8241 0.7910

89 GPT3.5FT Debate Over Physician Associates in NHS 0.1975 0.8320 0.7796

89 FLANT5FT NHS’s Physician Associate Expansion Critique 0.2238 0.8287 0.7777

89 GPT3.5 Physician Associates in NHS 0.2084 0.8333 0.7715

89 GPT4 NHS Physician Associates Controversy 0.2095 0.8304 0.7679

Education

94 GPT3.5FT Oliver’s Ofsted Chief Inspector Role 0.1821 0.8203 0.7915

94 GPT4 Ofsted’s New Chief Inspector Appointment 0.1678 0.8150 0.7790

94 FLANT5FT Ofsted Chief Inspector’s Career Path 0.1761 0.8139 0.7323

94 GPT3.5 School Leadership and Improvement in England 0.1588 0.8158 0.7232

95 FLANT5FT Disadvantaged Parents’ Stem Careers 0.2309 0.8271 0.8161

95 GPT3.5FT Disadvantaged Parents’ Stem Career Concerns 0.2500 0.8246 0.8042

95 GPT4 Stem Career Access Inequality 0.2088 0.8149 0.7273

95 GPT3.5 Barriers to STEM Careers 0.1954 0.8144 0.7079

Table 6: Examples of randomly selected generated topics from 100 texts across 10 news sections,
along with corresponding text similarity scores (ROUGE-1 F1, BERTScore F1, cosine
similarity) between the original and reconstructed texts. Text reconstruction is performed
by GPT-4 model. Texts are sorted by cosine similarity (Part 2 of 2).
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